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Abstract To solve the problem of noisy samples easily interfering with the online updating tracking method and
resulting in a drift phenomenon, a method suitable for long-term tracking is proposed, and the proposed method is
combined with a multi-task learning training mode and a loss detection step is added into the tracking process. The
proposed method constantly collects the appearance of the target during tracking to construct a dynamic sample set,
which detects the loss of target according to sample similarity to reduce the tracker’s learning of noisy samples;
further, the dynamic threshold is used to adapt to different targets. To make the tracker build a complete model of
the target appearance, short- and long-term memory subtasks are jointly trained. During redetection, after the
target is lost, regions are proposed based on regional outline features and scale information about the target to
improve the quality of target redetection. The proposed method is evaluated on the object tracking datasets
OTB-2015 and VOT-2016, and the tracker has an accuracy of 90.8% and a success rate of 68.1% . Experimental
results show that the proposed method can effectively track a target in complex scenes, such as occlusion.
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Table 1 Implementation flow of the tracking method

Algorithm 1. Proposed tracking method

Input: Initial target position v, , pretrained local tracker.

Output: Estimated target position v,

1: [Initial training the local tracker by the first frame, set number of consecutive failures P ;=0.

2: forq =2:m

3. if P < r then locally draw candidate regions of target

4. else globally draw candidate regions of target

5: Get the tracking result and confidence score using local tracker
6: if (¢,,> 0ands,, >H,, and ¢=>h) or (¢,,>0 and ¢<<h ) then

P =0, collect new short-term and long-term samples

7: else P, =P 11

8. if (¢ % b7 0) then update local tracker using Eq. (4)
9. if (¢ % b==0) then update local tracker using Eq.
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Table 2 Results of ablation experiments

Tracker Detection of loss Multi-task learning Fast re-detection Precision Success rate
Baseline 0.9016 0.6677
Method 1 N 0. 8986 0.6722
Method 2 N Ni 0.9061 0.6788
Method 3 NG N 0.9032 0. 6758
Method 4 N N N 0.9075 0.6812
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Fig. 3 Testing results of the OTB-2015 dataset. (a) Precision; (b) success rate
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Table 3 Tracking precision of 11 challengeable attributes

Tracker v SV occe DEF MB FM IPR OPR ov BC LR

Proposed 0.909 0. 889 0. 858 0. 876 0. 854 0.877 0.907 0.898 0. 838 0.937 0.937
MDNet 0.907 0.874 0.828 0. 866 0. 858 0.872 0.898 0.883 0.833 0.907 0. 945
SiamRPN 0.859 0.838 0.780 0.826 0.816 0.789 0. 854 0. 851 0.725 0.799 0.978
SRDCF 0.792 0. 745 0.734 0.735 0.765 0.768 0.745 0.741 0.593 0.775 0. 760
SiamEFC 0.736 0.736 0.723 0. 691 0.707 0.744 0.743 0.758 0.672 0.692 0. 900

Staple 0.783 0.726 0.728 0.752 0.698 0.708 0.768 0.737 0. 664 0.749 0.690
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Fig. 4 Tracking results of four video sequences. (a) Birdl; (b) Box; (c¢) Girl2; (d) Matrix
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Table 4 Testing result of the VOT-2016 dataset

Tracker C-COT Staple MDNet SiamFC SRDCF Proposed
Accuracy 0.539 0. 544 0. 0.532 0.535 0. 545
Robustness 0.238 0.378 0.337 0.461 0.419 0.317
AO 0.469 0. 388 0.457 0.399 0.397 0.482
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